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Kernel Sparse Convolution
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Sparse Convolution

¢ Our DNN may be redundant, and sometimes the filters may be sparse

¢ Sparsity can be helpful to overcome over-fitting

X —
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Sparse Convolution: Naive Implementation 1

Algorithm Sparse Convlution Naive 1

1: for all w[i] do
2: if wli] = 0 then

3: Continue;

X 4 end if
5: output feature map Y + X x wl[i];
6: end for
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Sparse Convolution: Naive Implementation 1

Algorithm Sparse Convlution Naive 1

1: for all w[i] do
2: if wli] = 0 then

X 3: Continue;
4 end if
0/0/3]|0 w 5 output feature map Y + X x wlil;
710/01/0 n 6: end for
0/ 0 4|8 * 0
6 5 3 0 BAD implementation for Pipeline!
2/0 01 E Instr. No. Pipeline Stage
O O 0 8 1 IF | ID | EX [MEM WB
2 IF | ID [ EX |MEM WB
3 IF | ID | EX [MEM| WB
4 IF | ID | EX MEM
5 IF | ID [EX
T 32 [o[a] ]|
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Sparse Matrix Representation

A rowptr
0]0/3]0 row0 (3,2) colptr
7/0/00 row1 (7,0) ]
00 4|8 row2 (4,2), (8,3) el g;,; ©9.@9
6530 row3 (6.0). (5.1). (3.2) — coi2 (3.0), (4.2), (33)
2101011 row4 (2,0), (1,3) “e—s cOI3 (8,2), (1,4), (8,5)
00/0 8 row5 (8,3) o
A matrix Compressed Compressed
example Sparse Row Sparse Column
(CSR) (CSC)

¢ CSR: Good for operation on feature maps

¢ CSC: Good for operation on filters X =

® We have better control on filters, thus usually
CSC.
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Sparse Convolution: Naive Implementation 2

matrix * sparse v$ctor
w

. s
o/lof3lo o] fz
7lojoJo| o |of
o/of4]8 *14]~ el
6/5]3]o 8] |2
2/ 0o 0]
SARY 17 L 0 * BAD implementation for Spatial Locality!
olo/s[e] o [ ¢ Poor memory access patterns
7.0/oJo} o] TJo
00 4]8]* 4.~ ko
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SOTA 2: Sparse Convolution

Weight Tensor, )%/ Input Tensor z for each output channel n {

m for j in [W.rowptr[n], W.rowptr[n+l]) {
//” o9 off = W.colidx[j]; coeff = W.value[]j]
@ ’ @ for (int y = 0; y < H_OUT; ++y) {

for (int x = 0; x < W_OUT; ++x) {
Sparse dot-product out [n] [y] [x] += coeff*in[off+f(0,y,x)]

+X

=
'
.
.
W

Figure 2: Sparse convolution pseudo code. Ma-

-
CH-W Lirar trix W has compressed sparse row (CSR) for-

n mat, where rowptr [n] points to the first non-zero

~=——=—— Sparse vector w/ 2 non-zeros | 1 weight of nth output channel. For the jth non-
Dense vector VW, 4 zero weight at (n,c,r,s), W.colidx[j] contains
""" Virtual Dense vector 0w the offset to (c,r,s)th element of tensor in, which

is pre-computed by layout function as f(c,r,s). If
in has CHW format, f(c,r,s) = (cHin + r)Win +s.
The “virtual” dense matrix is formed on-the-fly by
shifting in by (0,y,x).

Figure 1: Conceptual view of the direct sparse con-
volution algorithm. Computation of output value at
(,x)th position of nth output channel is highlighted.

1]ongsoo Park et al. (2017). “Faster CNNs with direct sparse convolutions and guided pruning”.
In: Proc. ICLR. 8/25



Discussion: Sparse-Sparse Convolution

® Sparsity is a desired property for computation acceleration. (cuSPARSE library,
direct sparse convolution, etc.)

¢ Sometimes not only the filters but also the input feature maps are sparse.

—o VGG-19 —e— GoogLeNet —— AlexNet

09| W
06|

0.3

Sparsity
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Discussion: Sparse-Sparse Convolution

0
0
0 0 00 0
1o 1o 0
5t element 1
ofo|l2]i0
0
0110101410 1
[1001221120112012 ]
> |0
> [1001221120112012 ] 0 (50, 70, 11 elements
[1001221120112012 ] 0 are none-zero)
2
[1T001221120112012 ] 0
T 0
0
Offset=5 0
0

¢ Efficient programming implementation required; (Improve pipeline efficiency)
¢ When sparsity(input) = 0.9, sparsity(weight) = 0.8, more than 10 < speedup;
¢ Some other issues:

¢ How to be compatible with pooling layer?
¢ Transform between dense & sparse formats
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Overview

@ Submanifold Sparse Convolution
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Submanifold Sparse Convolution
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cloud analysis, 3D voxel data is widely used. A simple example is shown here and
R

In real world, we have to handle voxel data sometimes. For example, in point
it can be viewed as V' € (1,
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If using traditional convolution to

64,64, 64).

(1

extract its feature, the GPU will out of memory very soon because the input

Here is a rabbit with shape V €

4096, 64).

i

(1

V € (1,64, 64,64) can be viewed as an image [ €
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Submanifold Sparse Convolution

To overcome this issue, we use 3D sparse convolution for voxel data analysis.
Sparse convolution only calculate the data points where voxel data exists.
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Submanifold Sparse Convolution

In this Lab, we are going to build a sparse convolution from scratch. Here we use

the example input:

A WO N =~ O

0 1 2 3 4

P1 —

P2 —

P1=[1,1,1]
P2=[1,1,1]

where P1 and P2 has pixel value of 1 in 3 channels.
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Submanifold Sparse Convolution

Firstly, we build a hash table to store the input data. Considering the following
case:
conv2D(kernel_size=3, out_channels=2, stride=1, padding=0)
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Submanifold Sparse Convolution

We can build an input table H;,, like this:

0 — H_in

1 Pl L P1=(11] 0| (21)
2 P2 __ P2=[1,1,1] 1 (3,2)
3

4

0O 1 2 3 4

17/25



Submanifold Sparse Convolution

Then we build an output hash table. Firstly, we generate a P, table as follow:

/ (0.0)

» P1
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Submanifold Sparse Convolution

Then we build an output hash table. Firstly, we generate a P, table as follow:

0,0

(1,0)

. P1 | P1
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Submanifold Sparse Convolution

Then we build an output hash table. Firstly, we generate a P, table as follow:

0,0)

(1,0)
= P1[P1|P1

(2,0)
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Submanifold Sparse Convolution

Then we build an output hash table. Firstly, we generate a P, table as follow:

(0,0

(1,0
= P1[P1|P1

(2,0

P1
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Submanifold Sparse Convolution

Then we build an output hash table. Firstly, we generate a P, table as follow:

(0,0

(1.0)
= P1[P1|P1

(2.0)

P1 | P1

0,1)

(1.1
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Submanifold Sparse Convolution

Then we build an output hash table. Firstly, we generate a P, table as follow:

(0.,0)

(1,0
o P1 | P1| P1

(2.0)

P1|P1|P1

1)

(1.1

()
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Submanifold Sparse Convolution

After annlvrino the ecamoe nracoce tn D~ wo oot an ntitniit hach tahle H | vria Dout

mergi P_OUt
(0,0)
(1,0)
P1|P1|P1 H_out
(2,0)
p1| Pt | P Merge P_out | 0 | (0,0)
o 1] (1,0)
P1 oy 2| (2,0)
P2 @n 31 (0,1)
e A
P2 | P2 ' 5| (2.1
(2,0)
P2 | P2 6| (12)
(1,1
P2 | P2 71 22
2,1
(1,2)
(2,2)
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Submanifold Sparse Convolution

® Next we build up a Rulebook to realize H;, to Hyy.
¢ To build the rule book, we have to build an offset map like this:

P1

P1

P1

P1

P1




Submanifold Sparse Convolution

Quick Question:

Please write the offset map of P2 by yourself.
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Submanifold Sparse Convolution

After obtaining the offset map, we can finally build up the rule book as follow:

P out Offset Offset count in  out
(0,0) (1,0) (-3-1)| 0 |0 |5
(1,0) (0,0) ©O-nlo0fo]a4
(2,0) (-1,0) 10117
071) (1,-1) a-1|10l0]3
Ly 0.-1) 1[1]6
2.1 (-1,-1) -100lojo |2
P_out Offset 00O 0|01
(1,0) 1,1) 11115
2,0) ©,1) w0 [o|o]o0
(1) (1,0) 1114
@2.1) (0,0) oy fof1]2
1.2) 1,-1) an fof1]1
(22) (0,-1) RuleBook 22/25




Recall:H_out

Submanifold Sparse Convolution

Recalling the H;,, and H,y, the rulebook is generated as follow:

Offset

0

(0,0)

(1.0)

(1.0)

00)

(2,0)

0,1

(1,1)

(2,1)

(1.2)

N[O | |W[IN|=

(2,2)

H_in

2.1)
3,2

Offset count in  out

o]odo]s




Recall:H_out

0

(0,0)

(1.0)

(2,0)

0,1

(1,1)

e |

(1.2)

N[O | |W[IN|=

(2,2)

H_in

Submanifold Sparse Convolution

If the offset already exists, we simply add 1 in count:

Offset

(1.0)

00)

2.1)
3,2

Offset count in  out

o]odo]s




Submanifold Sparse Convolution

After getting rulebook, we can apply sparse convolution:

For P4, the reults is shown above, which is the blue points in 5-th row. Please
practice P, by yourself

‘ 1-1fo]o|s —
©o-nlolola i -
SEE B ]
-1 10|03 e —
11116
Conv Kernels with offset = (-1,1) and (0,0) share the same outindex 5
-10 {00} 2 -~ Pk =S
I I
00 |olo]1 L Fl/lF_Z\ F3 |I[FL|R2 | F3 || F1/lF_2 F3
= v = = v
11115 F4l | F5 |1F6 F4l | F5 [1F6 F4l'| F5 [1F6
A\ z A AN 1
w0 lololo F7[FE’| Fo | | F7 [F8'|Fo | | F7 [FE | Fo
7] 7]
1 1|4 [ I [ L
\ \ \
0,1) o1} 2
(11) 0|11
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